In behavior-based robots, planning is necessary to elaborate abstract plans that resolve complex navigational tasks. Usually maps of the environment are used to plan the robot motion and to resolve the navigational tasks. Two types of maps have been mainly used: metric and topological maps. Both types present advantages and weakness so that several integration approaches have been proposed in literature. However, in many approaches the integration is conducted to build a global representation model, and the planning and navigational techniques have not been fitted to profit from both kinds of information. We propose the integration of topological and metric models into a hybrid deliberative-reactive architecture through a path planning algorithm based on A * and a hierarchical map with two levels of abstraction. The hierarchical map contains the required information to take advantage of both kinds of modeling. On one hand, the topological model is based on a fuzzy perceptual model that allows the robot to classify the environment in distinguished places, and on the other hand, the metric map is built using regions of possibility with the shape of fuzzy segments, which are used later to build fuzzy grid-based maps. The approach allows the robot to decide on the use of the most appropriate model to navigate the world depending on minimum-cost and safety criteria. Experiments in simulation and in a real officelike environment are shown for validating the proposed approach integrated into the navigational architecture.
INTRODUCTION
In spite of the good performance of the reactive robots, 11 purely reactive systems cannot totally substitute for planning in solving complex tasks. Deliberative techniques are needed in order to elaborate more abstract plans and to include decision-making mechanisms that permit the optimization of the proposed tasks. Several approaches for integrating deliberative and reactive behaviors have been proposed in intelligent robotic systems. 5, 24, 30, 40 Therefore, planning is necessary to achieve a robot that performs complex tasks over long periods of time. In fact, if the robot has to navigate from one place to another one in an office-like environment, it should be able to find the best path to reach the final goal. The problem is how to set some form of structured information in order to plan the motions. Usually, maps of the environment are the structures that have been used to plan navigational tasks in mobile robots. In literature, two types of approaches can be mainly found: metric and topological approaches. Within the metric approaches, the environment is usually modeled using grid-based maps, 19, 37 so that the map is a matrix of cells that contains some measure of the certainty that the modeled space is occupied by an object. Other metric approaches can use geometric forms as segments to represent the objects of the environment. 14, 21 On the other hand, topological approaches 31, 46 represents robot environment as a graph where nodes correspond to distinct places that are connected by arcs if there exists a direct path between them. Within topological approaches, the semantic associated with nodes and arcs is not always the same. For example, in Ref. 46 the map is obtained by partitioning a probabilistic occupancy grid into regions that are considered as nodes, whereas the regions are separated by passages that are considered as arcs. However, in other models 33 the nodes represent places characterized by sensor data, and the arcs represent paths between places that are associated with control strategies. Both metric and topological representations have advantages and weaknesses that are explained as follows.
With regard to metric approaches, grid-based maps have been widely used in robotic systems to model the occupancy of the environment. Grid-based maps have a great expressive power since they contain a lot of information about the environment. The paths generated from grid-based maps are safe enough whenever the environments are static or moderately dynamic. 38 On the other hand, these maps require a trade-off between the level of detail and the computational complexity, and the stored information can become inaccurate or untimely in dynamic environments. Besides, if the environment is large, then to construct a global grid model is not easy, since this kind of map depends strongly on accurate position information. Topological maps are more compact since they show spatial relationships among distinctive places, and the number of nodes in these maps is usually much less than the number of nodes in grid-based maps. The information in a topological map is higher-level information, and therefore the computational cost of planning is lower. 46 Furthermore, topological maps have the advantage of being more stable with respect to sensor noise and small changes in the environment. Certain types of topological maps can support behavioral descriptions such as "follow right wall until you see the door," or can use landmark-based approaches, so that the nodes of the map correspond to landmarks and the arcs indicate how the robot should navigate between nodes. 35 However, a topological map does not provide a detailed geometric interpretation of the environment, so that the computed path by the planner is not as accurate a path as derived from grid-based maps. This fact can affect the robot motion control if fine motion control is necessary to precisely control navigation among objects and obstacles. Likewise, in topological approaches it is necessary to develop some process to detect and properly recognize the landmarks, taking into account that in purely topological maps, the robot can even have difficulty distinguishing among the different landmark locations, a problem known as sensor aliasing. With regard to the approaches that associate control strategies or behaviors to topological elements, another problem arises when in the environment: a lack of behavioral stimulation appears; or the case that the behaviors activated cannot achieve the current goal due to the features of the environment. Additionally, depending on how the planning of the topological path has been computed, a topological path that links two nodes may be a non-optimal path from the point of view of a distance criterion.
The drawbacks of each paradigm alone can be overcome through the integration of both types of approaches. Thus several models and map building processes have been proposed to integrate features from both types of paradigms. In Refs. 46 and 47, the topological map is generated on top of a global grid-based map by partitioning the latter into coherent regions. Voronoi skeletonization is used to create the topological map, whereas the grid-based map is developed using sensor readings and artificial neural networks. In Ref. 48 , the topological map builder is capable of solving global alignment problems giving approximate results, while the metric approach builds fine-grained metric maps compensating only for small odometric errors. By integrating both, the algorithm can build high-resolution maps in large indoor environments. Other approaches also establish a hierarchy and take into account local geometric maps in local frames of reference linked by causal and topological connections, 32, 33 also using certain control laws as useful patterns of sensorimotor interaction with the world. In Ref. 16 , a metric-consistent global grid map is built using a hierarchy of maps which integrate topological and grid-based representations at different levels of abstraction. At the lowest level, the environment is represented by a set of local grids that are connected by a set of links to create a topological map. This approach assigns a geometrically consistent set of Cartesian coordinates to the places in the topological map, and then the topological map is used to generate a global grid map. Other approaches that use local geometric representations connected by links forming a topological map can be found in Refs. 20, 23, and 49.
Our proposal is based on a hybrid deliberative-reactive architecture that uses a hierarchical map to integrate topological and metric information from the environment. The idea of this hierarchical map is to allow the robot to decide the use of the most appropriate model to navigate around an indoor environment of an office-like type. These environments show certain perceptual features and a global structure formed by rooms and places to cross, so that the robot can take into account such features and structure to fit its behavior and representation model depending on the need of information about the world and on the goal to achieve.
In our proposal, fuzzy logic 50 has been used in the architecture and world modeling to express the uncertainty and vagueness underlying robotic systems. Other approaches have also used fuzzy logic to deal with the uncertainty and vagueness. In Ref. 38 , fuzzy occupancy grids are built taking into account distinct maps for the occupied and empty space; in Ref. 20 , the fuzzy grid map can be processed to extract topological information; and in Ref. 16 , a global occupancy grid is generated combining local grids and a topological map. Other approaches do not use fuzzy grid maps, but fuzzy logic is present in the modeling of the uncertain geometric robot environment 29 using points and lines, whereas others build sonar maps using segments for which the width and length are trapezoidal fuzzy sets. 22, 23 More generally, the uses of fuzzy logic in robotic systems to connect perception to action have been numerous 8, 25, 34, 36, 43, 44 and several autonomous robots have been equipped with a wide set of fuzzy behaviors. 26, 41 With regard to our proposal, fuzzy logic has been used in different parts of the system. In the case of modeling, both topological and metric maps are built using tools of fuzzy logic, thus the ultrasound sensor model and the perceptual model are based on fuzzy sets in order to deal with the vagueness and noise of sensor data. The topological model is based on perceptual features that define a level of belief in objects such as wall, corner, corridor, hallway, and door. Regarding the metric model, by using the ultrasound sensor model, the points of object contours are detected and gathered from the environment. These points are used to form segments, which are associated to regions of belief and organized in fuzzy segments. To facilitate the search of free-collision paths, occupancy grid-based maps can be obtained from fuzzy segment maps so that the cells of the grid are assigned to values of possibility of occupancy, depending on the membership to some fuzzy segment. The different sectors or rooms of an environment can be modeled using topological, metric, or mixed maps, and then a global map is built connecting the local representations. This map is called the low-level map, since by abstracting the local representations, a high-level map is built to make the planning process independent of the representational model used at low levels. A path-planning algorithm, based on A * algorithm, 27, 28 and a hierarchical map with two abstraction levels are proposed to deal with both topological and metric information and to integrate topological and metric modeling. This approach has been implemented in a Nomad 200 mobile robot 45 so that experiments in simulated and real environments are shown to validate the performance of the proposed system. This article is organized as follows. First, the proposal is presented in a global way, with the details given in following sections. In Section 3 we briefly present a description of the navigational architecture, since the proposed hierarchical map is a part of a more complex system. In Section 4 we summarize the most important details about the fuzzy perceptual model used to classify the sensor data in qualitative objects that are the basis of the topological map. In Section 5 the attention is focused on the building of a geometric model where the uncertainty and vagueness are expressed by fuzzy segments. Local grid-based maps can be obtained from fuzzy segment maps, so that the robot is able to search for free-collision paths. Once the two types of models have been shown, we propose the integration using a path-planning algorithm to deal with both topological and metric information and a hierarchical map of two abstraction levels. In Section 7, simulated and real-world experiments are shown to validate the system and hierarchical map proposed. Finally, some conclusions and future work proposals are presented.
DESCRIPTION OF THE PROPOSAL
As we said in the introduction, both topological and metric maps present drawbacks and advantages, so that the integration of both kinds of information is very useful to enhance the capabilities of a mobile robot. However, in many proposals the integration is strongly related to building a final representational model, which can be a global metric map or a "patchwork map" formed by local grid-based maps linked by topological connections, and the planning and navigational issues and the underlying architecture are not usually ready to profit from the integration of both kinds of information. Our approach tries to integrate the robot motion with both metric and topological models so that the robot can decide to use the most appropriate model in each case. This integration is not easy to achieve with a navigation architecture because the use of this kind of model has been generally associated with the planning method used and the motion control strategy. That is when the topological maps are used. The high level of abstraction present in these maps facilitates the association of parts of the map to the execution of specialized behaviors or control laws to act in that particular place. This feature affects the planning since a detailed plan can be omitted if these behaviors can control the robot motion in a safe way. Thus the plan could be defined as a sequence of abstract goals, identified by topological arcs and nodes, that are successively achieved through the corresponding behaviors until the robot achieves the final goal. It also affects the robot motion control since this task is assigned to a combined execution of certain behaviors that are responsible for sending the proper values to the actuators and for obtaining reactive responses to the world.
On the other hand, when a grid-based map is used, the planning method can use some kind of search process to find out a free collision path above the cell matrix. To achieve this, this process usually considers the cost of cell occupancy and other costs associated with the motion among cells to find out a minimum cost and safe path to a certain goal. Once the path is generated, the information about the robot and cell positions are used to compute the values of orientation and distance to travel by the robot. The orders are generally sent in a straightforward way to actuators, believing in the accuracy of the odometry and the control systems to move the robot. Thus the philosophy of both types of models, the planning process, and performance cannot be mixed in a simple and straightforward way. In this work, in order to carry out the integration, a path-planning algorithm to deal with both topological and metric information and a new model of a hierarchical map are proposed. Following, the main ideas are briefly shown, and along with the work, they will be explained in detail.
The environment map is built in a local way, room by room, instead of considering the whole environment. This process presents advantages since it limits the odometric error and it does not need to be metrically consistent on a global scale. At any rate, a model of odometric error and a model of ultrasound sensors are needed in the map-building process to take into account both the uncertainty of the robot position and the uncertainty of sensor data. To build the map of a concrete room, the robot follows the contours of that room, and using the model of a sensor, it gathers both metric and qualitative information from the environment. The metric information is represented by points that form lines, and the uncertainty is modeled using fuzzy regions with a form similar to the fuzzy segments proposed in Ref. 22 . Actually, the uncertainty is modeled depending on several noise sources, such as the signal echo, the perceived distance, and the odometric error. The fuzzy segments are defined for the three sources of uncertainty, and then the membership function of a fuzzy segment is approximated by considering the projections on the X and Y axes of support and the distance to the central segment of the fuzzy segment. Thus, the fuzzy segments map can be used to generate a grid-based map that shows the occupancy of the environment. The occupancy level of a cell is defined depending on the membership of the points of that cell to some fuzzy segment, and on a constant of occupancy.
With regard to the qualitative information, the sensor data are interpreted by a fuzzy perceptual model, and upon this model several perceptual objects are defined. The result is the classification of the different perceived zones of the room in several objects, for example walls, corners, corridors, hallways, and doors. This classification is used to generate a topological map of each room. This topological map uses nodes to distinguish certain places such as corners, doors, and hallways, whereas it uses arcs to distinguish those places of the environment that link nodes, such as walls or corridors. In this work, the qualitative model is only briefly explained since it has been proposed in a previous work. 3 The global map of the whole environment is built connecting the different local representations. In the current version of the building process this global connection is carried out under human control. The global map that contains the local representations is called the low-level map and presents both topological and geometrical information. The topological information is shown by the nodes and arcs, which express qualitative features; on the other hand, each room is modeled using fuzzy segments, and for them, a grid-based map of each room can be obtained. The lowlevel map can also be enhanced by adding information that the robot sensors cannot detect by themselves. For instance, some zones, such as wide regions bounded by staircases or stairwells, perhaps cannot be properly detected by the robot without danger, so these zones can be represented by grid-based maps, which are built by a human operator and then added to the low-level map.
We notice that each local map has been built taking into account local coordinate frames. It does not affect the topological relationships, but it does affect the lowlevel map when coordinates from different rooms have to be compared, for example when a minimum-cost path is searched. The solution that we have adopted tries to profit from the typical structure of office-like indoor environments, which are usually formed by different rooms or sectors linked by doors, corridors, or sectors to cross them. Thus, if the internal representation of each sector is abstracted and an approximate cost of crossing that sector is known, then we can help the planner, since it will not have to evaluate the internal nodes of that room if the room is only a place to be crossed along the path to the final goal. Actually, the planner has to compute the internal paths that cross a room only once, and these paths will be properly stored beside their approximate costs. By abstracting the internal representation of each room or sector, a new map arises formed by the connections among the different rooms or sectors. This map is called the high-level map and is used to carry out the search of the minimum-cost path that links the initial and final positions. The path on the high-level map must be translated to a path on the low-level map before the robot can begin to run the plan. One advantage of this process is that the algorithms applied to each abstraction level can become independent whenever the interface between levels is well defined. Furthermore, different representations models can be used in each sector of the world, that is, metric, topological, or mixed models. When the high-level path is translated to a low-level path, the result will be a sequence of topological nodes and arcs or a sequence of cells on a local grid map. Thus the whole low-level path can contain parts formed by topological elements and parts formed by metric elements. The decision of using a certain kind of information is made by the planning algorithm and can be based on optimum and safety criteria. This kind of plan is given to the execution level, which is able to deal with both kinds of information to generate a sequence of behaviors so that the robot can achieve the final goal through the activation of such behaviors, included in the control level.
Finally it is necessary to take into account that the environment can change during the execution of the plan. The execution level monitors the running of the plan and detects the errors that are classified in several types of contingency. According to the type of contingency, the architecture tries to repair part of the plan or even can ask for a new plan after considering the current state. If a change in a room is detected, then the low-level paths from that room are again computed and the corresponding costs are updated in the arcs related to the high-level map.
We detail the above approach with reference to a Nomad 200 mobile robot, 45 which has a cylindrical shape and 16 Polaroid ultrasound sensors situated on the upper turret that may be rotated 360 degrees. First we briefly present the hybrid architecture and the way to build the qualitative model environment, then the attention is focused on the geometric model where the use of fuzzy logic to deal with the uncertainty and vagueness is explained in detail. Once the two representational models have been shown, the integration is carried out through the hierarchical map.
OVERVIEW OF THE ARCHITECTURE
Our system is designed along the lines of behavior-based robots 6 and uses a three-level architecture to integrate deliberative techniques and reactive behaviors. This architecture is composed of three hierarchical layers: a planning, an executive, and a control level. Figure 1 shows the relationship among these layers and the map of the environment. The highest level must search for a safe and minimum-cost path from an initial position to a final desired position across an office-like environment that is expressed by means of the proposed hierarchical map. This level produces a high-level abstraction plan, since the executive level is responsible for achieving the abstract goals through the combination of several basic behaviors. This plan can be seen as a linguistic description of the path from initial to final position, such as "follow left wall, cross through the door, turn left and follow the corridor, . . ." Regarding the other levels, the executive level must ensure the fulfillment of the plan by selecting which basic behaviors should be activated at a given time depending on the environment, the robot's state, and the current goal. Thus, this level defines the context of applicability of certain behaviors using a set of metarules that address the perceptual objects that form the current context. Furthermore, this level constantly monitors the performance of the robot so that possible failures can be detected, and allows the system to recover from them. The robot localization is also a function of the intermediate level, and this problem is resolved using an approach based on map matching 7, 15, 39 so that the robot can know its position in the world, taking into account a reasonable level of uncertainty. The lowest level deals with the control of the robot motion, coupling sensors to actuators. The control level is composed of several rule-based basic behaviors that can be combined to generate a more complex observable behavior. 2 Fuzzy logic is also used for designing the rules of the behaviors, and to obtain the preferred action from each behavior and then fuse these actions.
The Behaviors
The design of the behaviors follows a methodology 4 by the authors, which is based on fuzzy control and fundamentals of regulatory control. This methodology sets a classification of the behaviors according to the use of several abstraction levels on the information; that is, we classify the behaviors according to the kind of input information that is used. Thus, the input data can be:
• Input data from the robot sensors with a simple pre-processing to avoid noisy data. Within this kind of behavior we distinguish between: (1) Behaviors addressed to reach and maintain an objective such as the following of a wall. We call these objective-oriented behaviors, and they are:
• Follow wall. It follows the right or left wall a certain distance and maintains alignment with the wall.
• Follow corridor. It keeps the robot close to the middle of a corridor and in line with it.
• Face object. This behavior moves the robot according to a certain orientation so that the robot aligns itself with a corresponding object, for example a wall, corridor, or door. (2) Behaviors that tightly couple perception to action such as avoid obstacle. These are purely reactive behaviors.
• Input data from a sensor-derived world modeling. There is a temporary world representation, but only the information necessary for the performance of a specific behavior is represented. For example, cross door is a behavior of this kind, and we call these shortmemory behaviors.
• Input data from the environment map. When the robot has to cross a region following certain trajectories that have been computed upon the geometric model, then these kinds of behaviors are used. Thus, these behaviors allow the robot to navigate on regions that cannot be classified easily in a qualitative way, or regions that result inadequately in the use of only the previous behaviors. These new types of behaviors are called supra-perceptual behaviors since they manage information that comes from sources distinct than their own sensing system. We have actually implemented only one behavior of this type, which is called follow trajectory. By using this behavior, the robot is able to follow a concrete trajectory formed by a sequence of cells from the grid-based map.
More details about the behaviors and the architecture can be seen in Refs. 1 and 4.
THE ENVIRONMENT QUALITATIVE MODEL
In behavior-based systems in order to carry out the actions of the plan, it is usual to somehow develop a relationship between the concepts of the abstract plan and the actual objects of the environment that are sensed by the robot sensors. Thus, the perception in the context of behavior-based robotic systems is usually conducted on a need-to-know basis; that is, the perception is strongly related to the actions that the robot needs to undertake. For instance, the sensor-based behaviors implement control policies based on external sensing, and then the robot moves with respect to features in the environment.
In our system we use a fuzzy perceptual model developed by the authors 3 that allows us to build an approximate world model giving us various levels of interpretation, the possibility for reasoning and planning about the robot motion in the world, and allows behavior-based navigation using the hybrid deliberative-reactive architecture. First, the influence of multiple error sources is studied to establish a process that reduces the influence of these phenomena, and to define a new fuzzy model sensor that gives us a belief degree about the possible existence of a piece of wall that is being sensed perpendicular to the direction of the ultrasound sensor. Figure 2 shows an example in which a wall perpendicular to sensor s 4 is being perceived. The value of belief in a possible wall perpendicular to sensor s i is noted by B(s i ), and it is a number that belongs to the interval [0, 1]. Then, fusing information gathered from different sensors, the contours around the robot can be determined and classified in perceptual objects like walls, corridors, corners, hallways, and others distinguished places using an incremental process. Fuzzy logic is the tool that is used to manage the uncertainty and vagueness of the sensor data, and for modeling the different perceptual objects. Taking into account these objects, a topological map of the environment can be built. The structure and features of this kind of map are commented on in Section 6.1.
THE ENVIRONMENT GEOMETRIC MODEL
In this section, we comment on the building of the geometric map that contains the metric information about the environment. The objective is to build a segment map of each room, and from this segment map, a grid-based map will be obtained. To achieve this, the robot must navigate using the follow wall behavior around the room. This behavior allows the robot to follow the contour of the objects located in the room. While the robot is navigating, its position is updated by the odometric system, however it is well known that these systems are under the influence of several kinds of errors. Therefore the errors must be taken into account when the map segments are built. Besides, we build the segment map of each isolated room using a local coordinate frame so that the cumulative errors of odometry can be bounded to a certain range. Other sources of uncertainty that have been considered are the errors present in the measures of the sensors, which can be high if the distance at which the perceived object is located is large. In order to consider all these error sources we use the tools that the fuzzy logic offers. This fact will be clearly shown in the descriptions of the segment map and grid-based map building processes. The segment map building process is summarized by the following phases:
(1) Using the sensor model previously commented on, the points of the environment that have been sensed with a value of belief B(s i ) higher than a certain threshold are stored. (2) For such points, the stored information is: coordinates, position of the sensor in the ring that is sensing that point, the value of belief B(s i ), the distance of the possible wall, and the position of the robot in addition to the value of the uncertainty in the robot position. (3) The set of stored points is used to form straight lines, and later the uncertainty is considered to build possibility regions that contain such lines. These regions can be understood as fuzzy segments in a similar way to Ref. 22 , and they are built using fuzzy logic.
Building the Fuzzy Segments
To build the fuzzy segments that form the segment map, it is necessary to consider the information supplied by the sensors located on the robot side that is situated near the contour of the sensed objects. Thus, if the robot is navigating around a room following the contour of the objects and these objects are situated on the left of the robot, then the sensors on the left side of the robot, 3, 4, and 5, are taken into account since these sensors can better perceive echoes from possible perpendicular walls. The building of the segments that represent the walls is carried out depending on the values of the measure of B(s i ) of these sensors. Later, in a second phase, the segment map is improved with the information supplied by the rest of the sensors of the sensor ring so that all the objects in the room are considered. Finally, both the walls and other objects are considered in a grid-based map that represents the occupancy of the space of the room. Now attention is focused on explaining the process for building the fuzzy segments that represent the room walls. A similar process is applied to build the segments that represent the rest of the object located in the room.
Determining the Segments That Represent the Walls
As result of the following of the walls of the room, we obtain a set of points that have associated information, such as coordinates, belief of a perpendicular wall, distance of the wall, and so on. The value of belief on perpendicular wall B(s i ) is used as a selection criterion to select the points sensed from a perpendicular wall to some sensor. Thus, the distance computed from such points will be more accurate since the echo of the ultrasound beam is returning back from a wall perpendicular to the sensor. To consider a wide enough set of points, the minimum value of belief that we have required in our process has been B(s i ) = 0.8. Once the points have been selected according to this criterion, then they are fitted to the corresponding straight lines. To achieve this, the first four points of the list of selected points are considered that form a wall. This fact makes sense because such points were perceived from the same spatial zone and approximately at the same time. Additionally, these four points have a high value of belief of a perpendicular wall. From these first four points a straight line is obtained following the well-known eigenvector line-fitting method, 17 since it does not depend on the choice of axes in the reference system. Once the first line is obtained, the following points in the set of selected points are considered to determine if the next point belongs or does not belong to that line. Thus, the average of the distances of the first four points to the obtained line is computed in addition to its standard deviation. In order to test if a new point belongs to the line, the distance of the new point to the line is computed and contrasted with the average. If the difference with respect to the average is larger than z times, with z > 0, the standard deviation, then the point is considered as not belonging to that segment, it is rejected, and the following point of the set is considered. When the number of consecutive rejected points is larger than a certain value, then the end of the current segment is determined and a new line is fitted using all the points that have been considered as part of the segment. Another possibility is that a point is rejected and the following points accepted, in which case the rejected point is considered as noise and completely discarded. When the end of the current segment has been determined, the same algorithm is applied, taking into account that the following four points are in line provided the average of the distances of these four points to the fitted line and the standard deviation are under certain thresholds. This process is accomplished until we have obtained several straight lines that fit the considered points. These lines are the bases upon which the fuzzy segments are going to be built. To build a fuzzy segment, first we define its central component, which we call a central segment.
Thus, a central segment is a tuple:
where a, b, and c are the coefficients of a general equation of the fitted line that corresponds to the set of points that form the segment. This fitted line can also be expressed using the equation x · cos θ + y · sin θ = ρ, with ρ being the distance of the line to the origin of the coordinate frame, and θ being the angle that forms the normal to the line with respect to the X axis, as is shown in Figure 3 . To define the beginning and end of the segment, we use the initial (x i , y i ) and final (x f , y f ) points of the segment.
Considering the Uncertainty
Using the central segments now, the uncertainty is taken into account to build regions of possibility that contain the real wall contours. Although the uncertainty sources that we are going to consider follow the approach already shown in Ref. 22 , our fuzzy segments are built following a different process, since we deal with the uncertainty using a new process that will be explained below. First, the sources of uncertainty are listed:
• The ultrasound sensors can supply erroneous measures depending on the position of the perceived object in the perception cone. This kind of error is diminished in our system because we use the sensor model to consider the measures that are supplied by sensors approximately perpendicular to the sensed surfaces. However, some errors can exist since the model is approximate.
• Depending on the surface and form of the object, the echo of the ultrasound beam can present different features.
• If the distance between the object and the sensor increases, then the error in the determination of the distance increases, as well.
• The ultrasound beam can be affected by environmental conditions, as, for example, the temperature and the level of humidity of the air, which affects the sound propagation velocity.
• The estimation of the position of the robot using the dead reckoning system is also under the influence of the odometry errors.
These uncertainty sources can be classified in the following way. The first two sources depend on the way in which the echo of the ultrasound beam is returned back and on the character of the perceived object. The next two sources can be considered depending on the distance of the sensed object. The last source depends on the robot odometric system.
Uncertainty Associated with the Signal Echo
To model the uncertainty of the first kind, the points obtained from the sensors are taken into account so that if these points are properly fitted by a line, and the average of the distances of the points to the line is low, it means that the echoes of the signal were returned back with an acceptable accuracy and the uncertainty is low. On the other hand, if the average of distances of points to the fitted line is high then it means that the points have been scattered around the central segment. This situation can be interpreted that the character of the object produces scattered points because of irregular echoes of the signal, and thus the uncertainty considered should be higher than in the previous case.
We now explain the way for representing a fuzzy segment. We use triangular fuzzy sets, which are defined on the coordinate frame that the robot is considering. The fuzzy sets are represented by a tuple in order (s 0 , s 1 , s 2 ), where (s 0 , s 2 ) represents the support and (s 1 ) the peak. The question is how to establish s 0 , s 1 , and s 2 . Regarding s 1 , it will be identified with the central segment obtained from the fit process applied to the scored points, while s 0 and s 2 will be identified with segments separated from the central segment in a value so that the uncertainty is taken into account. To achieve this, we assume that the point set that has generated the line is normally distributed around the line. This assumption make sense because the distance of every point to the fitted line is due to several independent causes of error, and the number of points considered is large enough. Moreover, in a normal distribution it is well known that most values belong to the interval (µ − 2σ, µ + 2σ ), with µ the average and σ the standard deviation of the normal distribution. In our case, the value of µ is approximated byd; that is, the average of the perpendicular distances of the points to the line, with d in absolute value, and σ 2 , is approximated by S 2 d , which is the variance; that is:
where n is the number of points that have generated the fitted line, and d i is the perpendicular distance of each point to the central segment. Therefore, to establish the region that covers the uncertainty information, two segments parallel to the central segment, considering both sides of central segment s 1 , are created at separation Sep d , with Sep d =d + 2 · S d . Precedents of using probabilistic models to create models based on fuzzy sets can be found in Ref. 22 , where a normal distribution is used to compute the trapezoidal fuzzy set that is representing the value of ρ. Other authors have proven that for a given probability density function, several possibility distributions can be computed so that the possibility distributions are consistent with the given probability distribution.
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Uncertainty Associated with Distance
The second source of uncertainty is due to questions related to the distance to the perceived object. In ultrasound sensors, the measure of distance is computed using the travel time of the signal and its echo. The accuracy of this computation diminishes if the distance to the object increases. Additionally, the computation is affected by the temperature and humidity of the air, since these conditions directly affect the propagation velocity of sound. To model this uncertainty we consider a weight factor, λ, that is applied to the average of the distance to the object, dist obj . This factor already takes into account the value of 1 percent of the error inherent to the ultrasound sensors. Thus, a new value of separation to be considered with regard to the parallel segments is estimated by Sep λ = λ · dist obj .
Uncertainty Associated with the Odometric Error
In order to take into account the uncertainty associated with the odometry system, a model of the odometric error has been used to compute the cumulative error that affects the robot coordinates {x, y} and the robot orientation {α}. This model is explained with high detail in Ref. 1, however it is necessary to explain now the main ideas of the model. The idea is to associate an uncertainty interval with the robot position, thus the uncertainty affects the coordinates {x, y} and the value of the orientation {α}. These intervals are expressed through triangular fuzzy sets, which have a central value, a peak, and two values that define the support. The central value is situated at the center of the support, and we call the middle of the support of the fuzzy set the margin of uncertainty. These fuzzy sets estimate the possible real values of coordinates and orientation, using the peak and expressing the uncertainty associated with the real value using the width of the support. The model is similar to the concept of approximate location shown in Ref. 42 , where the approximate location of the robot is represented by a fuzzy subset of a given space, considered under a possibilistic interpretation. The robot position is updated using a model of the robot motion, shown in Figure 4 . Consider the following equations: In order to take into account the errors of the odometric system, the bi-directional square path experiment (UMBmark) 9, 10 has been carried out using our robot. Certain measures of error have been computed so that they can be applied to I k and α k . Thus we can consider approximate values for I k and α k using two fuzzy sets, which compute the possible region where the robot has arrived after the motion. To achieve this, the uncertainty has been propagated following Dutta's approach using spatial reasoning. 18 Once we have a model of uncertainty for the odometry system, this uncertainty is propagated to the fuzzy segments in the following way. First, the margin of uncertainty appears in the points that have generated the central segment. Thus, the average value of uncertainty that affects the m points that have generated the ends of the segment can be computed. Then, a new point q is created with coordinates x q , y q , where these coordinates are the sum of the average of the coordinates of the m points and the average of uncertainty margins related to the coordinates x,y of these points. Thus, a new point at one side of the central segment is created that is affected by a displacement due to the vagueness of the odometry in that moment. Once this point has been obtained, the distance of such point to the central segment is computed, and this distance is called Sep oi . Following a similar process for the m points associated with the other end of the segment, another value Sep of is obtained. To consider all the points that have generated the central segment, m would be half of the total number of points that have generated the central segment. Finally, the average of Sep oi and Sep of is called Sep om .
With regard to the uncertainty related to the value of α, the average of uncertainty margins associated with α of the 2 · m points previously considered is computed. This average is called Sep α and is used to represent the uncertainty of the orientation of the central segment.
Defining the Fuzzy Segments
The three sources of uncertainty presented above can be considered mutually independent. The total uncertainty that affects the central segment is obtained by summing the values of separation previously computed, so that the final separation is:
A fuzzy segment S fuz is defined by a tuple:
where a, b, and c are the coefficients of the general equation of the line that represents the central segment. This central segment can be identified with the one α-cut of the fuzzy segment. Likewise, Sep total is the distance that separates each of the lateral segments from the central segment, which cover the region of possibility of the fuzzy segment representing the support. Additionally, the perpendicular distance of the central segment to the origin of the coordinate frame is represented by the fuzzy set:
The angle that forms the normal to the segment with the X axis is represented by the fuzzy set: Figure 5 shows the result of the described process to determine the fuzzy segments in a room of a real office-like environment. This room contains tables, chairs, and boxes near the walls. In the figure, the small crosses represent the perceived points with a high value of belief in a possible wall perpendicular to some sensor. These points have been computed following the contour of walls and objects in the real environment. The lines represent the fuzzy segments that cover the perceived points. Actually, each segment is represented by three lines: one in the center, the central segment, and the other two that are the lateral segments. The central segment is obtained by fitting the perceived points to a line according to the method already explained, whereas the lateral segments show the support of the fuzzy segment. If the points have been sensed in a scattered way, then the uncertainty will be large, and the separation between the central and the lateral segments will also be large. Thus, when the robot senses the boxes, multiple echoes return back to the robot sensors and the points are located in a scattered way. However, when the robot senses the walls, the points appear well aligned. Regarding the chairs, the points are perceived as forming curves, but they are fitted by fuzzy segments that have enough width for covering these points.
Following this process, the result is a fuzzy segment map of the room, representing the walls and contours of a concrete room and taking into account the uncertainty and vagueness present in the system.
Building the Occupancy Grid Map
Once the segment map of the room has been built, an occupancy grid-based map can also be built in order to show the occupancy of the room space. This map will be used later to allow the robot to navigate following the free cells of the grid map when the robot prefers the geometric information for navigating. The grid divides the room into 50-centimeter side cells, and each cell has to be assigned an occupancy value according to the presence or absence of any object.
To carry out this process, first it is necessary to include in the segment map the information forwarding of the sensors that were not taken into account in the segment map building. That is, in the segment map building, the information about possible perpendicular walls was only provided by certain sensors located at the best side according to the nearness of the followed contour. However, more information was stored, since when the robot was following the room contours, the values of B(s i ) for all sensors in the ring were properly stored. Thus, the robot can know the level of possibility of possible perpendicular walls in each of the 16 positions of the sensor ring. To obtain information about the presence of different kinds of objects, besides possible walls, the sensor model can be used taking into account a value of B(s i ) lower than the threshold considered to establish the presence of perpendicular walls. Following a process similar to the wall segment map building, and taking into account the adequate parameters, the information about other objects different from the walls can be expressed by means of fuzzy segments, also.
Approximating the Membership Function of the Fuzzy Segment
To compute the occupancy level of a cell, the idea is to test if the cell is covered by any fuzzy segments; that is, the level of membership of the cell to the fuzzy segment has to be computed. To achieve this, first the value of the membership of any point p ≡ ( p x , p y ) to a fuzzy segment S fuz must be computed. One way to do this would involve computing the planes formed by the central and lateral segments and testing if the point is located in the region covered by the support of the fuzzy segment, and then computing the intersection with a line parallel to the Z axis located at that point. However, we have proposed to define this membership using the projections of the segment and the distance of the point to the central segment, since the process is simpler and it allows us to give major flexibility to the membership at the ends of the fuzzy segment. Thus, to compute the level of membership of any point to a fuzzy segment, the following definitions must be taken into account.
We call ProX (S fuz ) the projection on the X axis of a fuzzy segment S fuz to the fuzzy set with the trapezoidal shape defined by {x 0 , x 1 , x 2 , x 3 }. Taking the membership function with a value of one between x 1 and x 2 and with:
, and x 3 = max{x maxLeft , x maxRight } let x minLeft and x minRight be the coordinates on the X axis of the ends of the segments that are delimiting the support of the fuzzy segment S fuz , and that are located on the left and right of the minimum X coordinate point of the central segment. x maxLeft and x maxRight are the coordinates on the X axis of the end points of these segments, located on the right and left of the maximum X coordinate of the central segment. Figure 6 shows the projections on the X and Y axes of a fuzzy segment S fuz .
In a similar way, the projection on the Y axis, ProY(S fuz ), of the fuzzy segment S fuz , is defined as the fuzzy set with a trapezoidal shape, {y 0 , y 1 , y 2 , y 3 }, with a value of the membership function of one in the interval (y 1 , y 2 ), and where: The level of membership of a point ( p x , p y ) to the fuzzy segment S fuz is obtained from the satisfaction of three conditions at same time. The first condition is that p x has to belong to the projection on the X axis of S fuz ; the second condition is that p y has to belong to the projection on the Y axis of S fuz ; and the third condition is that d( p, S c ) must belong to the fuzzy set Sep fuz . Taking into account these conditions, the membership of a point to a fuzzy segment is defined by the following fuzzy expression:
According to this definition, the set of points in which the value of µ S fuz ( p x , p y ) is greater than zero is not only formed by the points within the region defined by the rectangle shown in Figure 6 , but also by the points near of the ends of the rectangle, as can be seen in Figure 7 . Thus, we achieve a smooth interpretation of belonging in the ends of a fuzzy segment as an additional way to model the present uncertainty. 
Definition of the Occupancy Level of a Cell
Once we have defined the value of a membership function of any point ( p x , p y ) to a fuzzy segment S fuz , the occupancy level of a cell can be defined. The occupancy level occ(cell i j ) of a cell in row i and column j on the grid map is the maximum of the membership function in the points of the cell to any fuzzy segment of the fuzzy segment map, M S fuz . The maximum value is also weighted by a constant, K occ . Thus:
To carry out the computation of the occupancy level of each cell is not actually necessary to test all the points of each cell, since it is enough to test a concrete number of equi-spaced points in each cell. The value of the occupancy level is a number that results from multiplying a value of the interval [0, 1] by a constant, K occ . The value K occ is useful to establish the weight of the occupancy level in the planning algorithm, which will be explained in due course. If the value of the occupancy level is equal to K occ , then the cell is considered as totally occupied, and that cell will be rejected by the planner as a possible part of the trajectory for the robot. If the value is zero, then the cell is totally empty and the planner can choose that cell without collision danger. But if the value is intermediate, then the cell is considered near to some object, and the action of the planner will depend on the value of K occ . If K occ is large, then the planner works in a low-risk way, and those cells with intermediate occupancy values will be rejected to form a minimum-cost path since the occupancy level is considered as a cost. Whereas if K occ is small, then the planner can choose that cell as a possible cell to cross under certain conditions, and if other possible paths present greater costs. At any rate, when the plan is executed and the robot is navigating, if the information contained in the grid map does not correspond with the sensor data, it is considered as a kind of contingency that is dealt with by the execution level, which will update the information in the grid map using the sensor data and then call the planning level to compute a new path to the goal. Figure 8 shows the occupancy grid map obtained from the segment map of a concrete room. This room has been constructed using different rectangular objects, and some zones among the objects have not been consciously occupied. In the left part of this figure, both the environment and the segment map are shown, while in the right part, only the fuzzy occupancy grid map is shown. In this example, K occ = 1, so that each cell holds a value of the interval [0, 1], which indicates the occupancy level.
Finally, we want to comment that the map of a concrete room may be enhanced with information that cannot be sensed by the sensor system of our robot. For example, the places corresponding to the stairwells and staircases or forbidden zones of the environment can be located by a human operator. To achieve this we use a special value of occupancy, K forbidden , that will be assigned to the cells where such forbidden places are located. When the planner calculates the path, these cells are never included in the robot trajectory. 
INTEGRATION OF BOTH MODELS: THE HIERARCHICAL MAP
After presenting both environmental models, in this section we are going to propose a new representational structure called the hierarchical map in order to integrate both kinds of information. Thus, the planning level will be able to use both kinds of information and to build hybrid qualitative-metric paths. First, the structure of a topological map is shown, then some drawbacks of this kind of map are commented on. After this, a proposal to overcome these problems is defined, explaining the planning algorithm and the hierarchical map.
The Structure of the Topological Map
As we said, this map is constructed performing an exploratory task in order to discover several kinds of distinctive places, which are regions in the world that have characteristics that distinguish them from their surroundings. Formally, the topological map consists of a graph G = (V, E), where V = {v 1 , . . . , v n } is the set of N nodes, and E = {e i j , i = 1 . . . N , j = 1 . . . N }, where e i j = (v i , v j ) is the set of M edges. The nodes can be classified as one of five kinds of detectable objects: corner (c), door (d), hallway (h), end of corridor (ec), and a default object type corresponding to a long irregular boundary (i). The arcs are the walls (w) or corridors (co) that connect the previous nodes. The arcs can only express connectivity among different nodes, as for example the arcs that link the doors, link doors to hallways, or link the irregular type nodes to any other kind of node. Both nodes and arcs have a descriptor that contains information about the object type, and if it is necessary, a fuzzy estimation of the object's length. Additionally, there is a geometric map associated with each room that is formed by the fuzzy segment map and the occupancy grid map. Each object of the topological map can be located approximately within the geometric map, and each object wall is related with the segments that form part of them. Figure 9 depicts an office-like environment and Figure 10 depicts the topological map that we call the low-level map. Usually the rooms are cluttered with tables, chairs, and other objects, thus the concept of wall is extended to include several kind of boundaries in the environment. Thus, a good way for navigating around the environment can be following the contours. Whether a surface is considered as a wall or an irregular contour will depend on the kind of line defined by the sensor data.
The low-level map provides information directly gleaned from the robot's experiences within the world, but it can additionally contain some information obtained independently from the robotic agent itself, such as maps obtained from floor plans. Thus, this kind of information resolves, for example, the problem of detection of staircases.
Considering the low-level map only from the topological point of view, the map could be used by the planner to compute a minimum-cost path from the current position to the desired goal using the estimated length of each arc. Then the robot, through the activation of its reactive behaviors, will be able to accomplish the plan in spite of the presence of unexpected obstacles along the path.
However, if the low-level map is considered only from the topological point of view, then the approach presents the following limitations:
• In the map shown in Figure 10 , if the robot must go from the node labeled d3 to the node labeled d4 then the topological path is not the shortest path. The most logical action is to go straight ahead from one door to another.
• If a room is very cluttered, perhaps the reactive behaviors could not achieve the current goal without additional assistance.
• In an environment, places can exist which are not appropriate for a qualitative description, or for regions that cannot be described by perceptual features. An example of these situations are the typical wide places near the stairwells and staircases.
These limitations can be overcome using the geometric information of the environment, which is present in the low-level map through the fuzzy segment maps and the occupancy grid maps. This kind of geometric representation can be omitted in places of the environment in which it is not necessary. For example, in a corridor the robot usually is able to navigate taking into account only the distance to lateral walls, so that the robot only has to use the follow corridor behavior and to combine that with the avoid obstacle behavior when an obstacle is detected.
The Path-Planning Algorithm
Summarizing all the possibilities in the low-level map, we can find places described by topological relationships, places described by metric structures as grid maps, and places described using both kinds of representations at the same time. The problem is how to act in order to use the appropriate information to compute the best path to the goal, depending on the kinds of available models. We are going to use a type of planning algorithm based on the well-known A * search algorithm. First we focus our attention on the way to find the best path within each room or zone of the environment using the A * -type algorithm. This algorithm uses an evaluation function, f (n), so that its value in node n is an estimation of the cost of the minimum-cost path that links the initial node, s, to the goal node, m. When the algorithm explores the successive nodes of the graph, it first tests the nodes with a lesser value of f. This function can be specified as the sum of another two functions, which usually are called g and h, so that the following equation is defined:
where g(n) is an estimation of the cost of a minimum path that links the initial node s with the node n, while h(n) is the estimation of the cost of a minimum path from n to the final node m. The function g can be computed taking into account the cost of travel from one node to another node in the graph, whereas h is called the heuristic function, since this function generally uses heuristic knowledge about the particular problem to resolve. If the function h is a lower bound with respect to the true function that is being estimated, h * , then it can be demonstrated that the algorithm always finds out the minimum-cost path to the goal provided that such a path exists. Thus, we say that the algorithm A * is complete. Assuming a concrete room or place in the environment, the first step is to build the search graph for the algorithm following the process described below:
(1) The information represented in a topological way is formed by nodes and arcs so that they are directly incorporated into the search graph. (2) If any representation of the segment map-type exists, then the corresponding occupancy grid map is built using the local coordinate frame, and each cell is considered as a possible candidate for a node inside the search graph. Each cell has a connection with all the adjacent cells whenever such cells have an occupancy level less than K forbbiden and a percentage of K occ . (3) The nodes of the search graph that come from a topological origin are linked to the nearest node that comes from the grid map, so that the links between both kinds of models are carried out.
To define the function g, it is enough to give a cost for the pass from one node to another, whereas to define the function h, an estimation of the cost from that node to the final node is needed. The g and h functions are defined in the following way:
(1) If the pass is accomplished between two nodes of a topological type, then the length of the arc that links those nodes in the topological map is taken as the value for g. This value generally is the length of a wall or corridor. (2) In the case of a pass between two cells of the grid map, the value for g is the Euclidean distance between the centers of both cells plus the value of occupancy of the second cell. (3) If the pass is between a topological node and a geometric node, the value for g depends on several conditions, such as the distance and other environmental features that could suggest some preference in the use of geometric or topological nodes inside the path. (4) At any rate, the function h is always the same, and it is defined as the Euclidean distance to the goal. This definition is realistic because the coordinates of each node and the goal are known.
We notice some interesting features of this way to act. First, the definition of function g when the robot has to navigate on the grid map can be configured to assign more or less importance to the nearness of the object or obstacles to the generated path. The cells that are occupied with K forbbiden or with a certain percentage of k occ are not considered valid to form part of the path, but those cells with a low level of occupancy can be considered if the profit with respect to the distance-saving is large enough. To establish these trades-offs, it is necessary to weight the importance of the distance factor and occupancy factor.
Second, the arcs that link the nodes that come from a topological map usually cover a great distance and generate less cost for g than a geometric-equivalent path, since the occupancy level here is not used. This fact has been considered to benefit the topological paths, because if the robot moves according to its perception and uses the appropriate behaviors, then the motion achieved is robust enough. However, when a geometric path exists that links two topological nodes directly and the topological path is too large, then the algorithm will probably prefer the geometric path.
One important question to take into account related to this planning algorithm is that if a global frame coordinate exists, then the A * -based algorithm can be applied in a straightforward way. However, the use of a global coordinate frame when the environment is large needs a very accurate localization system to not accumulate errors about the robot position. In our proposal, we prefer to use a local coordinate frame in each room of the environment, and to accomplish the planning at two different levels of abstraction. The idea is to consider a low-level plan in each room or local place using the algorithm previously commented on, whereas to compute the whole path that takes into account the total structure of the environment and links the initial and final positions, a higher-abstraction-level map must be used. In the next section this idea is explained in more detail.
The High-Level Map
The underlying idea is to profit from the structure of office-like environments. These environments usually are divided into several rooms that are connected by corridors, hallways, and other kinds of wide spatial zones. In our proposal, we separate the internal information of a room from the rest of the more abstract information of the environment. A high-abstraction-level map is built to contain only those nodes from the low-level map, that connect two rooms or places; such nodes can only be doors or hallways. In the high-level map, the arcs can be corridors or links that represent adjacency between two nodes from different rooms or minimum-cost paths between internal nodes of the same room. These minimum-cost paths can be previously computed using the internal information of that room contained in the low-level map. Following, we present an algorithm to construct the high-level map from the low-level map:
While some room i of low-level map exists without being processed do Begin numberNodesAdded = 0; While some node j of the room i exists without being processed do Begin If the node j is door or hallway then add node j to high-level map; numberNodesAdded = numberNodesAdded + 1; End; For k = 1 to numberNodesAdded do Begin
To compute minimum-cost path from node k to rest of nodes from room i ; For k2 = 1 to numberNodesAdded do Begin
path d1-d2 path d3-d5 path d4-d5 path d6-d7
Room 2 Room 1 Room 3 path d3-d4 Figure 11 . High-level map.
Begin
To create an arc from node k to node k2 ; To associate and store the minimum-cost path previously computed; End; End; To create the arcs necessary to connect node k with the nodes from rooms = room i ; End; End. Figure 11 depicts the high-level map that results after considering the low-level map shown in Figure 10 .
Usually the initial and final nodes will be nodes from the low-level map, therefore we need to complete the high-level map according to the concrete navigational task to resolve. For example, if the robot is in the node labeled c5 and the goal is the node labeled c15, the high-level map has to be completed adding both nodes to the map and their corresponding minimum-cost arcs. Figure 12 depicts the high-level map for computing the minimum-cost path between the c5 and c15 nodes.
The shortest path in this graph can easily be found using one of the standard graph search algorithms, such as Dijkstra's shortest-path algorithm. In this case, the A * algorithm can also be used, but now the way to compute the value of function h is not as straightforward as in the case of a particular room, because there is not a global coordinate frame. However, if the function h is defined as h = 0, then the A * is not informed and it accomplishes a broad exploration of the graph. Then the algorithm uses the value of function g, which is associated with the cost of the arcs, to find out the minimum-cost path. However, it must explore a greater number of nodes than when the function h is computed. Regardless of the search algorithm that is used, to consider the high-level map considerably decreases the number of nodes that are explored in the search process. Likewise, the search of minimum-cost paths is easier in the high-level map, because this kind of map contains the nodes that connect rooms and places, and the robot surely will have to cross by some of them in order to arrive at the final goal. If a room is crossed only as part of a path, then the robot probably will not need to know all the information about the occupancy of all the zones of that room to compute the path on the high-level map. After a minimum-cost path at the high level is found, it is necessary to translate the legs of such a path into the concrete path of the low-level map according to the particular room.
The separation into two levels of abstraction allows us to use different representational models of the environment. That is, some rooms can be modeled using topological models that contain qualitative descriptions of the environment, and at the same time, geometrical models as grid maps. Other zones can be modeled using only a qualitative model or only a geometrical model. To deal with these different models we only need to know an approximate cost of the internal path in each room and the connection among the nodes from different rooms. Both kinds of cost are taken into account in the high-level map to carry out the planning process. With respect to these costs, they can be computed using the planning algorithm described in Section 6.2. Thus, the high-level map can be considered independent of the kind of representational structure that is used to model each room of the low-level map. Once the path on the high-level map is computed, then the legs of the path must be translated to the corresponding paths of the concrete room. Such paths can be sequences of cells if a grid map was used in the low-level, or sequences of qualitative objects if a topological model was used. Additionally, the low-level path can contain, under certain circumstances, both kinds of model; that is, paths formed by both qualitative nodes and geometric nodes can exist.
The benefits of this hierarchical map are listed below:
• The high-level planner can avoid dealing with the internal information of those rooms that are not going to be crossed, or with high-cost internal paths.
• The representational model can be adapted to the features of each room so that both qualitative and geometric models can coexist. Thus, the kind of representation and the volume of information used can be adapted to the complexity of each place of the environment.
• The other architecture levels are not affected by the use of one or the other representational model, because the robot motion is controlled by the control level that will use the appropriate behavior in each case, and combine them with reactive skills in order to assure a safe navigation.
Taking into account the map of Figure 12 , the minimum-cost path that is found by the planning algorithm in the high-level map and that links the origin node c5 with the goal node c15 is the following path:
This high-abstraction-level path, or high-level plan, cannot be given in this way to the execution level, because first the high-level path must be translated to the corresponding low-level paths. In this example, there are three high-level paths: path c5-d3, path d3-d5, and path d8-c15. With respect to the arcs with labels d-h or h-d, they only mean the connection between two rooms or zones, and also represent both sides of the doors. Following the translation process, the corresponding low-level paths are computed using the low-level map (See Figure 10) , and properly stored. In this case, they are formed by sequences of qualitative nodes and arcs. This kind of representational model is preferred in our planning process because it allows the robot to navigate according to its own perception and using the perceptual features of the qualitative objects. In other examples, we show when the geometric models are preferred by the planning process, but first we show the final path generated by the translation of the high-level paths. The final path is:
Once we have the plan based on the low-level map, then the plan is given to the execution level in order to be carried out. This level is also responsible for monitoring the plan, and can determine the need for changing parts of the plan and calling again to the planner when the current plan becomes unreliable.
EXPERIMENTAL RESULTS

A Navigational Task Based on Topological Information
The first experimental example shows the navigational task that has been used as an example in previous sections and has been carried out in a simulated environment. This navigation is accomplished using our own architecture and the hierarchical map proposed in this work. The navigational task consists of achieving the corner labeled c15 from an initial position at corner c5. Before the navigation, a low-level map such as the one displayed in Figure 10 and the corresponding high-level map (See Figure 11 ), and a high-level map adapted to this navigational task (See Figure 12) , have been built using the explained process. Once again, the plan computed on the high-level map to resolve this navigational task is:
The corresponding low-level path that results from the translation:
The execution of the low-level plan is shown in Figure 13 . In this kind of plan, the skill of the robot at detecting the current context is very important so that the robot can recognize in which part of the plan it is. Thus, this plan is given to the executive level that uses the perceptual model of the system and information about its localization to set the state of the robot and determine the current perceptual context. According to this context, several metarules are activated, and therefore the corresponding behaviors are going to control the motion allowing the robot to follow the walls, cross the doors, follow the corridor, and so on. In fact, the robot successively achieves every goal until it arrives at the desired final goal.
In detail, first the robot is situated near corner c5 and wall w7. While it is sensing these objects, it has to follow the wall on the right until door d3 begins to be detected. At this moment an unexpected obstacle is perceived, so the avoid obstacle behavior is activated and the robot follows the contour of the object until the beginning of a new object wall is determined again. In this case it is w13, which is ended by the beginning of the perception of corner c8. After this, the wall w12 is determined, and ended by the perception of door d5. The robot crosses d5 using the cross door behavior and then detects hallway h2, where corridor co3 begins. At this moment, follow corridor behavior is activated and another obstacle is sensed and properly avoided. The navigation successively continues until it finally arrives at corner c15. Notice the robot adapts its observable behavior to the perceived context in each case, and that it is able to avoid the unexpected obstacle properly.
A Navigational Task Based on Both Topological and Geometric Information
In this case, the robot has to cross through a zone that lacks qualitative features such as walls or corridors, so the robot must use a geometric representation of that part of the environment. Such a situation may be due to, for example, the presence of staircases or stairwells at both sides of the exit of a room. This fact is shown by Figure 14 , in which this environment is presented. In this case, the task consists of navigating from corner c1 to hallway h3 situated at the end of corridor co1. This environment can be modeled using the low-level map shown in Figure 15 . Upon this low-level map, the high-level map is built and then updated to resolve the concrete navigational task (See Figure 16 ).
Using the high-level map, the path that links c1 to h3 is the following:
This plan generated from the high-level map must be translated to the low-level map. Thus the arc path c1-d1 is translated into a sequence of nodes and arcs of the qualitative kind: c1, w1, c2, w2, and d1. Likewise, the arc path h1-h2 is translated into a path that is a mix of sequences of cells, belonging to the grid map of that zone, the high-level path is translated, the following low-level path is obtained:
This path is given to the execution level to be carried out using the appropriate sequence of behaviors, which are activated and combined according to the sensed context and the robot's state. Figure 17 shows the resolution of this navigational task. In this figure, the trajectory described by the robot is represented by the dotted line, while the small horizontal lines are flags that mean a change of the sensed context.
The geometric representation used is an occupancy grid map that models the zone situated at the exit of a room. To navigate through this zone, the planner generates a trajectory from hallway h1 to a place near wall w3.
A NAVIGATIONAL TASK IN THE REAL WORLD
The experiments in simulated environments have been validated through experiments in a real office-like environment. In Figure 18 , a navigational task very similar to the previous navigational task is shown. In this case, the robot also has to navigate from an initial position near wall w1 to hallway h3. Again, the trajectory described by the robot is represented by the dotted line, while the flags mean a change of the perceived context. The most important difference with the previous case is the presence of walls when the robot comes out of the room, so the robot can use these walls to navigate in a topological way. However, again, the planning algorithm prefers to use the geometric model of that zone to generate a geometric trajectory, because the total cost of the path will then be smaller. Regarding the low-level and high-level maps, they are very similar to the maps shown in Figures 15 and 16 , and the generated paths are formed by the same nodes as in the previous case, so that the robot uses both topological and geometric models, applying the most appropriate in each spatial zone until the goal h3 is achieved.
CONCLUSIONS AND FUTURE WORK
In this work we have addressed the problem of the use of topological or metric information in a hybrid deliberative-reactive architecture so that a robot is able to decide to use the most appropriate model in each sector of the environment. To achieve this, a path-planning algorithm based on the A * algorithm, to deal with both topological and metric information, and a hierarchical map with two abstraction levels, have been proposed. First, the topological and metric models have been built taking into account the uncertainty present in the system.
Regarding the qualitative representation of the environment, the sensor data have been interpreted by a fuzzy perceptual model that allows the robot to distinguish among walls, corners, corridors, hallways, and doors. The nodes of this topological model are distinguishable places such as corners, doors, and hallways, and the arcs are walls or corridors that link the nodes. The elements of this kind of map are associated with certain specialized behaviors that are included in the control level. The behaviors are combined with an avoid obstacle behavior so that they are able to assure safe navigation from sensor data whenever fine motion control is not needed.
With regard to the metric model, the uncertainty also has been modeled using measures of possibility and belief in the detection of the points that come from the contours of walls and objects. The points have been fitted by lines and the uncertainty has been taken into account to form regions of possibility with the shape of fuzzy segments. Three sources of uncertainty have been considered: the signal echo, the perceived distance, and the odometric error. Once the fuzzy segment has been defined, the function of membership is approximated using the projections of the support on both axes and the distance to the central segment. Using the segment map and the membership function, an occupancy grid map is obtained so that collision-free paths on the grid can be computed. Actually, each cell of the grid map represents a value of belief in occupancy, so that depending on how certain parameters of the planning algorithm are established, the metric path can pass more or less near to obstacles; that is, it can be a more or less risky path.
The integration of metric and topological models has been possible through the use of a planning algorithm that computes the minimum-cost paths into each room or sector, whether that place was modeled by qualitative, metric, or mixed models. The internal representation of each sector is abstracted to form a high-level map that allows us to find out a whole path that links the initial and final positions. Thus the algorithms applied in each level can become independent and different representational models that can be used in each sector of the world. The decision of using one or another kind of model is made by the planner and is based on optimal and safety criteria. That is, the robot can use a qualitative model if there is no need for much information to plan a safe path, or it can use a grid-based map if there is the need for more information about the world to plan a safe path. Perhaps the metric model is also preferred if the robot arrives at regions where there are not any behavioral stimuli, or if the generated topological path is not a minimum-cost path. This kind of plan is given to the execution level, which is able to deal with both types of models to generate a sequence of behaviors included in the control level.
An important difference in our proposal with respect to other integration proposals is the great flexibility obtained by associating the hierarchical map to a hybrid deliberative-reactive architecture. Thus, the robot can manage topological and metric information in each sector of the environment, and it depends on the necessary information about the world in order to achieve the current goal. The cost of such a path is also taken into account so that optimum paths can be found by the planning algorithm. The planning process is carried out at two different levels of abstraction, and therefore the planning algorithms use only the necessary information in each case, obtaining a faster reasoning process.
Experiments in simulation and the real world support the interest of the proposal, although there are several issues that need further development. The connections among the local sectors of a low-level map, and the decision about the parts of the environment that must be modeled in a topological, metric, or mixed way are adopted by a human supervisor. In order to achieve a higher autonomy, the robot needs to resolve both questions by applying more elaborate map-building techniques and learning methods that will be incorporated into our architecture in following works.
